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[Abstract]

The scalability problem inherent in collaborative filtering-based recommender systems has been an

issue in related studies during past decades. Clustering is a well-known technique for handling this
problem, but has not been actively studied due to its low performance. This paper adopts a clustering
method to overcome the scalability problem, inherent drawback of collaborative filtering systems.
Furthermore, in order to handle performance degradation caused by applying clustering into collaborative
filtering, we take two strategies into account. First, we use fuzzy clustering and secondly, we propose
and apply a similarity estimation method based on user preference for movie genres. The proposed
method of this study is evaluated through experiments and compared with several previous relevant
methods in terms of major performance metrics. Experimental results show that the proposed
demonstrated superior performance in prediction and rank accuracies and comparable performance to the

best method in our experiments in recommendation accuracy.

» Key words: Collaborative Filtering, Recommender System, Similarity Measure, Scalability Problem,

Fuzzy Clustering
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I. Introduction

=0l JE g4 Altjof] Bl AMBAIES Wk
255k ﬂ W AR S iﬂlopﬂ Fot. o]
oj2}&2 slldsty] st 7V 2] diAl Wigo] &

AlAEl(recommender system)o]CH1][2]. &4 A]A
12 Ot 2ofollA] AAZ U8 54 508 35
AB|A FR0|, A, &9, of38, o5 9] o7} Qloh
3 A|AEIS] AR|AR] 1 Wi o2 A U 7|5 I
E{2(content-based filtering, CBF)at =R
(collaborative filtering, CF)& 7|202 o|59 AA
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network-based) 5°] 7% cH2][4].
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2 ofojtjole AJARIA Algshe 500 HisiA &
ARG QAR AB 7122 TR e ASAIER e
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2700] ofego] 9l AHgAF mzmol} 3§ 54 5o
ARE BUSH glote Hrk o] Qick. YR, A
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ARl ZAlo| B2 tjefet sfiAMo] ARO[ olE =
o] Eo|7t E5ll(Singular value decomposition, SVD),
28 B4 (Principle component analysis, PCA), H]9]
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II. Related Works
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AlQtetl o, ol ARGAL 7|5te] | WEIZ Y3t
A Aol g Al Ao HsIYTH9]. A
Ab 71gko] ofd 552 AR ¢ mA] 2P AEY
[Me TREQOn[11], Shivhare 9] 2912 FXAL &
2152 &5t 2A9 fAE A g LSt 10].
|8}l Fremali} Lecron = WEIHolE} HHE &
8sfo] FeAEY S Ao [12], Najafabadi 2] 31
= AR T AeAlg ARt AfA] tlojdog
A el Holelg 22| AEF 5T 13].

[1]oflM desttie S2AHYL2 CFY 452 AsHA
7 2 Q7] mizoll, olof tiu]str] sl 2 AFollA= AL
B|AF29 B7HR] Z8 R9 o2} B |E2RE W
AEE F5 2 gttt &, gt 2o tigh de =5
£ $ olF 7IEoR FYAEPE S HAIRIT W A
24, Al-Shamri®} M., Bharadwaj«= 7F=20f 43F g3}
S0 o3t =2 F7HA]9] RlE4et T Arjek]] 2o}
BAoeA A2 Ao s Fosiiti14]. Lee 9] 2912
e Mot g o BVRIZ AYstaL [15], Zhang 2]
2912 7F Fst Aot & ARGAR] HIHA] AlolE AR
A1) M wefal Aolsiiti16].

oo i mjn

hJ N

©]

III. The Proposed Scheme

1. Estimation of Genre Preference
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Table 1. User-item rating matrix

item

i i2 i3 i4 i5 i6 i7

user
u 3 5 5 - - -
v - - 3 4 2 4 2

Table 2. Item-genre matrix

o Z™ g1 | 92 | 93 | 04 | o5 | g6 | o7 | o8
i v - - - - - - -
i2 - - v v - - - -
i3 - v v v - - - -
i4 - - - v - v v -
i5 - - - v v - - v
i6 - - - - - v - -
i7 - - - - - - - v

Table 3. User-genre preference matrix

genre

user gl | 92 | g3 | g4 | g5 | g6 | g7 | g8
u 14 | 14| 2/4 | 3/4 0 | 14| 14| O
v 0 | 1/5]1/5|3/5| 15| 2/5| 15| 2/5
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2. Genre Preference Similarity
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3. Fuzzy Clustering Algorithm
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Table 4. Notations used by our fuzzy clustering algorithm

Notation Description
N number of iterations
£ lower bound of differences between membership degrees over two consecutive iterations
C total number of clusters
Wk membership degree of user u of cluster k
Ck center of cluster k
f%g center of cluster k for genre g with respect to relative rating frequency
G,u,(‘.‘ set of common genres rated by user u and ck
) Cp,
f,u mean of relative genre rating frequencies by u
f(,‘ mean of relative genre rating frequencies of center of cluster j
]
m hyper-parameter to control the fuzziness of the cluster

IV. Experiments

1. Experimental Background

de Ade dlstod I AdolN de] HEE
MovieLens 1M(http://www.grouplens.org)s AAs}t
c}. o] clolElAle 395279] Fejot Jalo] a2 18
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3t FHAIN9] s At HrieorA ojRojilt. o
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£ S50l 829 B]2S M Eslo] EACOIEl W A
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FoAHsARol(Mean
Squared Differences, MSD), JMSD[17], K-means(KM),
Self-Organizing Map(SOM), Fuzzy C-means(FCM). &

oL BpHOo FCM-G2 ®7|3H} JMSDE Aldlof AR E
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Table 5. Dataset Description

Feature Value
Number of users (U) 6040
Number of items (I) 3952
Number of ratings per user >20
Total number of ratings (T) 1,000,209
Sparsity level 0.9581
Recommendation threshold 4

2. Results
2.1 Effect of Number of Clusters
2 A7) AIRF vhHol 29 v]w Ol 7]Ee] Z2{AH
B YHE2 22AH 740 gt dso 2 982
Aoz d2A Qltj{l]. AAlE 2 =FoA Al AE
7304 KM} SOM2] Z={AF 7[i4of T of| %

=12

Ir

mu el ¢
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Fig. 1. MAE performance of KM and SOM for varying number of nearest neighbors
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2.2 Performance Evaluation
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V. Conclusions
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